Fuzzy-split range control system is able to regulate a fermentation process. Reducing control effort is possible for similar performance index. Reducing utilities demands is possible for similar performance index. Fuzzy-split range control system provides smooth control output.
Introduction
The increasing demand for energy and the environmental, economic and geopolitical issues related to the exploration and consuming of fossil fuels are a major cause of apprehension when world leaders discuss sustainable development strategies. Therefore, renewable sources of energy have become an attractive alternative (Cardona and Sánches, 2007; Andrade et al., 2007; Amillastre et al., 2012) . In this context, ethanol has a prominent role, its worldwide production indicators having risen from 10,770 million gallon in 2004 (Renewable Fuels Association, 2005) to 22,356 million gallon in 2011 (Renewable Fuels Association, 2012) . Most of this ethanol is produced by the anaerobic fermentation of six-carbon sugars by Saccharomyces cerevisiae (Ngwenya et al., 2012; Xu et al., 2010) . It must be pointed out that the primary sources of sugar constitute renewable feedstock, such as corn (in the United States of America) or sugarcane (in Brazil).
During the fermentation, process variables must be maintained within a narrow range near optimal operating condition (Andrade et al., 2007) . Thus, temperature becomes a particularly important variable. Temperature influences fluid dynamics in the fermentation vat, affects the metabolism of S. cerevisiae (Amillastre et al., 2012) directly and participates in the wild yeast contamination control (Ngwenya et al., 2012) . Indeed the effects of inadequate temperature conditions include reduction of fermentation yield, changes in cell viability and decrease of yeast tolerance to ethanol (Amillastre et al., 2012) . Besides, fermentation under suboptimal temperatures can favor wild microorganism which will compete with S. cerevisiae for substrate. As a consequence, the production of undesirable by-products increases, in turn, enhancing the formation of scum and imposing the application of antibiotics. However, the alcoholic fermentation process is exothermic and temperature inside the fermentation vessel varies in accordance to the activity of yeast. Consequently, heat must be continuously removed from the system.
In order to improve the temperature control in a fermentation bioreactor, Lawrynczuk (2008) proposed and recommended the application of nonlinear model based predictive control (MPC) strategy, using neural networks as a black box model. Unfortunately, this strategy requires the on-line solution of a quadratic programming problem for each sample. A simpler alternative is the application of fuzzy logic based controllers (FC). The advantages of fuzzy logic based controllers are simplicity, implementation easiness, robustness, and the ability to deal with complex nonlinear relationships using even imprecise, incomplete and noisy data (Wakabayashi et al. 2009; Eker and Torun, 2006; Silva et al., 2012) . Sagüés et al. (2007) successfully implemented fuzzy controllers to control a biomass gasification process. The proposed control strategy proved successful in dealing with multivariable coupling and process nonlinearities and showed a good overall performance. The benefits of the application of fuzzy-based control are also commented by Wakabayashi et al. (2009) when controlling the temperature inside a polymerization reactor. In this case the fuzzy-PI controller was implemented using a split range configuration with two control valves, one for a hot utility and one for a cold utility. In split range control, the output of the controller is sent to two or more control valves and each of them acts upon a certain range of the controller output. The aim of this split ranging is to improve the controller by expanding its performance range (Shen-Huii et al., 2011) .
In this study the application of a fuzzy-PI and fuzzy-PID controllers alongside a split range strategy is proposed to control the temperature inside a fermentation vessel by manipulating both the hot water and the cold water flows entering the jacket. Besides, better split range configuration and the number of membership functions of fuzzy controllers and operational issues are investigated. Therefore, this study proposes the application of an unconventional control strategy for temperature control in continuous fermentation process.
Methods
Alcoholic fermentation vessels can be modeled as a continuous stirred tank reactor (CSTR), using a convenient modification of Monod equation to describe the microorganism growth kinetics. Nagy (2007) presented a mathematical model of a continuous fermentation process including equations that express the effects of heat and mass transfer on the process (Appendix A). Besides, equations defining the influence of temperature on kinetic parameters and on mass transfer coefficients were also considered. Therefore, Nagy's model suitably describes the behavior of temperature inside Nomenclature A T heat transfer area (m 2 ) A 1 , A 2 exponential factors in Arrhenius equation
Oxygen concentration in the liquid phase (mg L À1 ) C Ã O 2 equilibrium concentration of oxygen in the liquid phase (mg L À1 ) C Ã O 2;0 equilibrium concentration of oxygen in distilled water (mg L À1 ) C P ethanol concentration (g L À1 ) C S glucose concentration (g L À1 ) C S,in glucose concentration in the feed stream (g L À1 ) C X Biomass concentration (g L À1 ) C heat,U heat capacity of the cooling agent (J g À1 K À1 ) C heat,r heat capacity of the fermentation medium (J g À1 K À1 ) e controlled variable error (°C)
product of the mass-transfer coefficient for oxygen and gas-phase specific area (h À1 ) K L a 0 product of the mass-transfer coefficient at 20°C for O 2 and gas-phase specific area (h À1 ) K O 2 constant for oxygen consumption (mg L À1 ) K P constant of growth inhibition by ethanol (g L À1 ) K P1 constant of fermentation inhibition by ethanol (g L À1 ) K S constant in the substrate term for growth (g L À1 )
K S1 constant in the substrate term for ethanol production (g L À1 ) q r density of the fermentation medium (g L À1 )
the bioreactor and was implemented using the Matlab/Simulink Toolbox. Simulations were carried out using the trapezoidal rule/ backward-differentiation-formula (TR-BDF2) for solving the system of ordinary differential equations.
In the present work, temperature was controlled using both heating water flow rate and cooling water flow rate as manipulated variables in a split range configuration. The stream of heating water was specified as pure water flowing at 60°C and the stream of cooling water as pure water flowing at 15°C, each of them under a maximum flow rate of 200 L h À1 . It was assumed that the flows of cold and hot utilities were perfectly mixed before entering the jacket. In this way, the temperature of the inlet stream in the jacket can be obtained using the weighted mean, that is,
where Tu i is the temperature of the inlet stream in the jacket, F h is the heating water flow rate and F c is the cooling water flow rate. The final elements of control, the control valves, are capable of adjusting the flow rates according to the controller output. These adjustments are made using the specific proportion of opening percentage and flow rate which is characteristic of each valve. Here, control valves were considered linear, so the relationship between percentage of opening and flow rate is linear.
In order to choose the best temperature control strategy, based on fuzzy logic and split range, three different arrangements of split ranging has been tested. Each arrangement is characterized by different ranges of responses applied to control valves depending on the output of the fuzzy-based controller (Fig. 1) .
In the split range arrangement illustrated in Fig. 1a , the flow rate of at least one of the utilities is constantly maintained at its maximum value. Consequently, the jacket inlet flow rate is always above 200 L h À1 . Fig. 1b shows an arrangement in which the cooling water flow rate is always above the heating flow rate. In this case, the flow rate of heating utility is used only when the temperature is lower than the set point. Another arrangement can be proposed in which the streams of hot and cold utilities are never mixed (Fig. 1c) . Therefore, the hot utility is used if the temperature is lower than the set point and the cold utility if the temperature is greater than the set point. In order to avoid premature wearing of control valves, dead band was applied for all arrangements.
A fuzzy-based controller calculates the signal sent to control valves. These controllers can be implemented using a fuzzy inference system combined with conventional Proportional, Integral and Derivative modes of control resulting in combinations such as fuzzy-PI or two-terms fuzzy-PID. For details about fuzzy controller (Mann et al., 1999) .
At any given sampling time k, fuzzy controllers receive two input signals: error, e(k); and error variation, De(k). However, the output signal is calculated differently for fuzzy-PI and fuzzy-PID controllers. The signal emitted by a fuzzy-PI controller, U PI (k), is based on the output of one inference machine, whereas two inference machines are needed to attain the fuzzy-PID controller output, U PID (k). The control strategy with a fuzzy-PI controller was implemented as sketched in Fig. 2 .
Essentially, the output of the controllers is calculated based on the knowledge provided by membership functions, rule-base and on the parameters of the controllers, Kd, Ke and Ku for fuzzy-PI and Kd, Ke, K I and K D for fuzzy-PID (Sagüés et al., 2007; Silva et al., 2012) . Membership functions were defined having triangular shape and evenly distributed. The inputs De(k) and e(k) were specified into the ranges [À1,1] and [À5,5], respectively. In addition, the range [À1,1] was used to define the membership functions of the outputs. Different fuzzy controllers were designed using 3, 5 and 7 membership functions. Rule bases and linguistic variables used are presented in Appendix B.
All the control strategies were tested for step disturbances in the substrate inlet temperature and substrate inlet concentration, as shown in Table 1 . Performances were quantified using the integral of time-weighted absolute error criterion (ITAE) and by control effort (CE) applying normalized control signal variation Du i in a range 0-1, as shown in Eqs. (2)-(4). In order to tune the fuzzy controllers, initially the parameters of a conventional PID controller were obtained using tuning techniques as IMC (Smith and Corripio, 2006) . Thus, fuzzy controllers were tuned using analogy relationships between the gains of linear PID controllers and scaling gains of fuzzy controllers presented by Li (1997) . However, in the case of a fuzzy-PI controller, Li (1997) just states that the parameter Ku must be greater than K P , so Ku was calculated as the sum of K D and K I in the present work, respecting Ku P K P .
In order to analyze the control strategy capacity to deal with noisy data, tests were done adding a normally distributed (Gaussian) noise with zero mean and variance of 0.05°C 2 , to the controlled variable.
Results and discussion
Initially, the controllers were tuned for all configurations of proposed control strategies. In the PID tuning the process was modeled as a first order plus dead time process. The values of the process gain (K p ), time constant (s) and dead time (t d ) were obtained simulating a step in the manipulated variable and analyzing the output behavior. The values observed were K p = 2.022°C (mA) À1 , s = 12.22 h and t d = 0.067 h. However, the controller parameters calculated by IMC equations offered poor performances in the bioreactor temperature control simulation, then a fine tune were performed and acceptable parameters are presented in Table 2 .
The control strategy was implemented and tested for various numbers of membership functions in the fuzzy controller and for the three split range configurations. The suitable number of membership functions, indexes of performances, utility consumption and control effort achieved in the simulations without noise are presented in Table 3 .
Considering the number of membership functions, with exception of the membership functions related to the second output of the fuzzy-PID controller for SRII and SRIII, the best results were achieved for the higher number of membership functions. As pointed by Sagüés et al. (2007) , a more precise control can be obtained by adding more membership functions, but this also increase the complexity. In fact, the more membership functions are used, the more difficult is the tuning of the controller. Table 3 it is evident that PID controller shows the best controlling performance with SRI and SRII split range configuration presenting similar ITAE index, 1400°C.h and 1399°C.h, respectively. Still, it required a total utility volume of 77,111 L in SRI and 77,420 L in SRII configuration, against 5697 L for SRIII, the minimization of fresh water requirements is a concern in industrial processes (Larsson et al. 1997; Pant and Adholeya, 2007) . The utilities volume demanded by SRIII configuration is similar to that reported by Nagy (2007) . However, in terms of control effort, the PID controller performed worse than other controllers in all split range configurations, reflecting higher costs with nonscheduled maintenance and also equipment replacement.
Analyzing the
Among fuzzy-based controllers, fuzzy-PI demonstrated the best temperature regulation with lower utility consumption and ITAE indexes compared to fuzzy-PID in all split range configuration sets. In an attempt to analyze the effects of noisy data in the controller Table 1 Operating conditions imposed to the fermentation process in order to test the control strategies.
Variables (°C)
Time (h)   0  20  40  60  80  100  120  140  160  180  200  220  240  260 Substrate inlet temperature (T in ) 2 5 2 5 2 0 2 5 3 0 2 5 2 5 2 5 2 5 2 5 3 0 2 5 2 0 2 5 Temperature of cold utility (T Uc ) 1 5 1 5 1 5 1 5 1 5 1 5 1 1 1 5 1 9 1 5 1 7 1 5 1 2 1 5 Temperature of hot utility (T Uh ) 6 0 6 0 6 0 6 0 6 0 6 0 5 7 6 0 6 3 6 0 5 8 6 0 6 4 6 0 performance of bioreactor temperature regulation (utility consumption and control effort), a normally distributed noise with zero mean and variance of 0.05°C 2 was added to the signal of controlled variable. In the simulations with noisy data (Table 4) , ITAE values exhibit similar trend to the results presented in Table 3 , that is, the best values were achieved with PID controller by SRII, followed by SRI and SRIII. However, the control effort was extremely high compared to the other controllers in reason of noisy data, which affects the derivative action of PID controller, causing continuity control signal disruptions. Hence, the utility consumption in SRIII configuration was 6430 L, about 7.8% greater than used by fuzzy-PI in the same split range set.
Low control effort was observed applying fuzzy-based controllers in all split ranges sets with noisy data (see Table 4 ). This is expected because fuzzy controllers exhibit smooth output signal. However, the ITAE indexes showed unsatisfactory performance compared to classic controllers and, as can be seen in Fig. 3 , the temperature was better controlled with PID, despite consuming more utility in SRIII. Nevertheless, it still produces an undesirable dynamic for the control valves, frequently forcing it a drastic full opening or full closing when the noise is add to control variable signal, as shown in Fig. 4 . Besides, by comparing Fig. 4b and d it is clear that the hot utility demanded by PID controller was considerably greater than that of fuzzy-PI controller. Therefore, it must be mentioned the increase of costs related to the use of hot utility.
In order to achieve low control effort for preventing excessive use of final elements, associating to satisfactory bioreactor temperature control and low utility consumption, some adjustments to fuzzy based controllers were proposed and applied to SRIII configuration, which showed to be more environmental friendly. The membership functions of fuzzy-PI controller output were adjusted taking into consideration the fact that triangles with greater areas produce smoother responses and smaller triangles result in faster changes (Fig. 5) . Also, Ku parameter value was increased, from 4.88 to 10 in order to get faster control.
The process behavior for both adjusted controllers were very close and similar compared to PI and PID controllers, in terms of ITAE indexes. But, comparing to non-adjusted fuzzy-based controllers, the criterion decreased from 10,690°C h to 7795°C h for fuzzy-PI, about 27.1% reduction, and from 16,380°C h to 7739°C h for fuzzy-PID, an even greater reduction of 52.75%. The bioreactor temperature profile for the adjusted fuzzy-PI is illustrated in Fig. 6a .
In terms of control effort, adjusted fuzzy-PI obtained an increase of 0.1248 in its value, which represents a slight difference that can be ignored. For adjusted fuzzy-PID the control effort value decreased 0.07 and the analysis is analogous. The control signal sent to control valves by adjusted fuzzy-PI controller is represented in Fig. 6b and c.
In terms of utility consumption, the adjustment on controller parameters decreased the use in 4.28% for fuzzy-PI and 11.44% for fuzzy-PID, totalizing a volume of 255 L and 723 L, respectively. These were the best results achieved for utility consumption combining the split range sets and controllers simulated in this paper.
The results show considerable reasons for choosing fuzzy-based controllers for split ranged systems due to their capacity in producing smooth output control signal compared to the classical controllers in case of noisy data. Therefore, reducing spending on maintenance and repair of control valves. It should also be mentioned that the cost of repair of a control valve may include the cost of an unexpected stop of the plant, the cost of loss of raw material and the loss of efficiency of the process, caused by the control performance deterioration (Srinivasan et al., 2005) . This is in accor-dance with the challenge on develop cost-effective processes for ethanol fuel production pointed out by Cardona and Sánches (2007) .
Conclusions
The application of fuzzy-based controllers together to split range control strategy to regulate the temperature inside a fermentation vessel used in ethanol production process has been proposed. The proposed control strategy has proven able to regulate the process adequately in all simulations. The results in this paper demonstrate that split ranged utility valves applied to temperature control of a fermentation process using fuzzy-based controllers is a viable strategy, mainly due to its low utility consumption and smoothly output signal, which prevents nonscheduled maintenance compared to classic controllers.
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Appendix A.
Equations from (A1) to (A12) represents the continuous stirred tank fermentation reactor model (Nagy, 2007) (Table A1) .
dC X dt
dC P dt
Table A1 Bioprocess model parameters.
A 1 = 9.5 Â 10 8 V = 1000 L A 2 = 2.55 Â 10 33 V j = 50 L A T = 1 m 2 Y O2 ¼ 0:970 mg=mg C heat,ag = 4.18 J g À1 K À1 DHr = 518 kJ/mol O 2 C heat,r = 4.18 J g À1 K À1 l O2 ¼ 0:5 h À1 E a1 = 55,000 J mol À1 l P = 1.79 h À1 E a2 = 220,000 J mol À1 q u = 1000 g L À1 H OH = 0.941 q r = 1080 g L À1 H H = À0.774 m NaCl = 500 g H CO3 ¼ 0:485 m CaCO3 ¼ 100 g H Cl = 0.844 m MgCl 2 ¼ 100 g H Mg = À0.314 pH = 6 H Ca = À0.303 F i = 51 L h À1 H Na = À0.55 F e = 51 L h À1 K L a 0 = 38 h À1 T in = 25°C K O2 ¼ 8:886 mg L À1 C S,in = 60 g L À1 K P = 0.139 g L À1 R = 8.31 J mol À1 K À1 K P1 = 0.07 g L À1 M Na = 23 g mol À1 K S = 1.03 g L À1 M Ca = 40 g mol À1 K S1 = 1.68 g L À1 M Mg = 24 g mol À1 K T = 3.6 Â 10 5 J h À1 m À2 K À1 M Cl = 35.5 g mol À1 R SP = 0.435 M CO3 ¼ 60 g mol À1 R SX = 0.607 
dT
C Ã O 2 ¼ ð14:16 À 0:3943T r þ 0:007714T 2 r À 0:0000646T 3 r Þ10 À
